nnovative capability, the knowledge a firm uses to innovate, is an input into and an output of the process of innovation. In this paper, I put forward the notion that innovative capability, similar to experience in production, accumulates by learning by doing and that innovation is characterized by a learning curve. Using patent data from 20,886 scientists working in 611 biotechnology firms in the U.S. and Canadian biotechnology industry from 1970 to 2007, I estimate a learning curve in innovation and determine the loci of innovative capability. Although knowledge stocks in the different loci accumulate over time in day-to-day firm activities, empirical results suggest that the individual is the primary repository of innovative capability and that experience working together in teams has a secondary influence on productivity. Contrary to prior learning curve research, accumulated firm experience has no direct effect on productivity. However, when individuals possess relevant domain knowledge and have experience working together, they benefit from knowledge spillovers within the firm. This suggests that knowledge stocks in the different loci are complementary to one another and that the comingling of these disparate bins of knowledge is an important facet of innovative capability.
Introduction
Organizational learning curves have been extensively documented in firm production and manufacturing activities (for reviews, see Argote 1999, Dutton and Thomas 1984) . In the classic formulation, experience accumulates with production output, leading to greater productivity , Wright 1936 . Learning, however, is surely not limited to production and manufacturing, and it occurs in other domains such as innovation and research and development. Because the ability to innovate is a critical factor influencing strategy and firm competitiveness, this begs the question as to how innovative capability is acquired and where in an organization is its locus.
Innovative capability is the knowledge a firm uses to create new innovations. 1 The standard view of knowledge is that it builds upon itself incrementally and thus serves to expand the possibility frontier of future innovations (Nelson and Winter 1982) . Although this is certainly true, in this paper I present a complementary view in which knowledge resulting from one innovation allows for quicker future innovations. In other words, I put forward the proposition that innovative capability accumulates by learning by doing and that innovation is characterized by a learning curve.
If innovative capability accumulates in organizations as a result of learning by doing, then it potentially provides insights into another important question: Where does knowledge reside in organizations? Scholars have taken strong positions in response to this question, with a minority arguing in favor of the primacy of the individual as the locus of knowledge (Arrow 1962 , Grant 1996 , Simon 1991 . Arrow (1962, p. 624) has even stated that "there is really no need for the firm to be the fundamental unit of organization in invention; there is plenty of reason to suppose that individual talents count for a good deal more than the firm as an organization."
In contrast to proponents of individual knowledge, a number of scholars have developed arguments in favor of the importance of knowledge residing in the collective (Brown and Duguid 1991 , Kogut and Zander 1992 , Nahapiet and Ghoshal 1998 , Nelson and Winter 1982 . For instance, Cohen and Bacdayan (1994) make the case that "organizational routines-multi-actor, interlocking, reciprocally triggered sequences of actions-are a major source of reliability and speed of organizational performance" (p. 554). Innovating teams are multiactor settings in which individual team members collaborate. Over time, these individuals acquire experience working together, and their joint activity becomes more routine, thus improving productivity. In this vein, Nelson and Winter (1982) proposed that both individual skills and routines are important for innovation in organizations. Similarly, Kogut and Zander (1992, p. 383) have put forward the notion that "knowledge is [not only] held by individuals, but is also expressed in regularities by which members cooperate in a social community."
Although there has been considerable debate on the loci of knowledge in organizations (see Felin and Hesterly 2007 for a review), empirical research has not kept pace with conceptual interest. In line with this observation, learning curve research has examined the independent relevance of individual knowledge Pisano 2006, Jovanovic and Nyarko 1995) and of firm experience ) on productivity and has largely neglected the relative influence of knowledge in the three loci (see Reagans et al. 2005 for an exception).
This paper contributes to organizational research by extending the domain of learning curve research to include nonroutine and nonrepetitive firm activities such as those occurring in innovation. Whereas prior research by Reagans et al. (2005) demonstrates the importance of experience at the individual, team, and organizational levels of analysis for hip replacement procedures in hospitals, this paper additionally illustrates that experience in each of these different loci are complements to one another. That is, the ability of individuals in teams to effectively capitalize on the domain knowledge of others in their team depends on the extent to which they have prior experience working together. Just as a firm's absorptive capacity determines the extent to which it can benefit from interorganizational spillovers (Cohen and Levinthal 1990) , the ability of members of an innovating team to benefit from intraorganizational spillovers and from accumulated firm experience depends on their domain expertise and on their experience working together. Finally, this research indicates that some caution needs to be exercised when interpreting the role of firm experience for productivity in organizations, as analysis indicates that it has no direct effect on productivity when individual and team experience are controlled for. Because fine-grained data at the individual and team levels of analysis are difficult to come by, firm experience variables may have spuriously captured the effect of individual and team experience in a number of prior studies.
All in all, this paper demonstrates that knowledge stocks in different loci are the result of accumulation over time in day-to-day firm activities and that the comingling of these disparate bins of knowledge improves organizational productivity. To this end, I empirically model heterogeneity in firms at the individual, team, and organizational levels of analysis and investigate where learning by doing expresses an influence on innovative productivity. I use patent data from the U.S. and Canadian biotechnology industry from 1970 to 2007 to empirically model the technological experience of more than 20,000 scientists, the experience of the teams in which these scientists collaborated, and the cumulative experience of the more than 600 firms in which these individuals worked.
Learning Curves in Innovation
The origin of the term "learning curve" can be traced back to experimental studies by psychologists showing that the time taken by individual subjects to perform a task declines with experience (Thorndike 1898, Thurstone 1919) . The concept has found application in the organizational context following Wright's (1936) observation that the unit costs of airframe production decreased as cumulative output increased. Decreases in production cost with cumulative experience have been attributed to the accumulation of experience with production workers and management, to the accumulation of sophisticated capital equipment, and to the improvement in product and process designs and technology (Argote 1999, Dutton and Thomas 1984) . Empirical studies have demonstrated the existence of organizational learning curves in the context of production in many different industries, such as for the production of aircraft (Alchian 1963 , Benkard 2000 , Wright 1936 ), trucks , and wartime shipbuilding , Rapping 1965 , Thompson 2007 .
The production of material goods such as aircraft, trucks, ships, and even pizza pies differs significantly from the production of innovations. In the former, the production of goods involves routine and repetitive activities by workers and uniform raw material inputs. Given repetition, experience acquired during the production of an aircraft is beneficially used for the production of the next identical aircraft on a production line. In the latter, however, knowledge is used as an input, and new knowledge is produced as an output (Nelson and Winter 1982) . Because no two innovations are identical, the inputs used in innovation, unlike those used for the production of material goods, differ from one innovation to the next. All this suggests that the knowledge acquired during the creation of prior innovations using a given set of technologies need not always contribute to the productivity of future innovations, which may draw from a different set of technologies.
Notwithstanding the empirical issues associated with documenting a learning curve in innovation, it is worth noting that the basic argument in favor of a learning curve is conceptually sound. Consider, for instance, an individual, A, having no prior knowledge in the use of a technology, T 1 . When A engages in innovation using T 1 for the first time, he or she needs to make a considerable investment in order to acquire the capability to use T 1 . This time spent learning limits A's output, and thus productivity is low. However, when A engages in innovation using T 1 again, the prior knowledge acquired reduces the investment in learning required, and productivity increases. This cycle of accumulation of learning and of increases in productivity continues with repeated innovations. Thus, if innovative capability, the knowledge used to innovate, leads to greater productivity, and Downloaded from informs.org by [147.156.224 .96] on 05 February 2014, at 10:46 . For personal use only, all rights reserved.
if participation in an innovation project leads to the accumulation of experience, then all the essential ingredients are present for the existence of a learning curve in innovation (Jain 2010) .
The Locus of Innovative Capability
Learning curve research has not dedicated significant attention to the question of where knowledge resides in firms, nor has it examined the relative importance of knowledge in different repositories of memory (Argote 1999, Walsh and Ungson 1991) . The focus of recent research has shifted from demonstrating the presence of a learning curve to explaining why the rate at which firms learn from their experience differs across firms (Adler and Clark 1991 , Argote 1999 , Haunschild and Sullivan 2002 . This body of research has identified several different factors influencing organizational learning rates, such as the proficiency of individual workers, the ability of teams of workers to coordinate their activities, and the effect of firm experience (Reagans et al. 2005) . When taken together, these represent the influence of knowledge in different loci within an organization on productivity.
Individual Experience. Experimental psychologists documented early on that individual task completion times and error rates decrease with experience, and they proposed that a learning curve exists at the individual level (Thorndike 1898 , Thurstone 1919 . Organizational scholars also have voiced pointed views on individual learning. For instance, Simon (1991, p. 125) notes that "all learning takes place inside individual heads; an organization learns in only two ways: (a) by the learning of its members, or (b) by ingesting new members who have knowledge the organization didn't previously have." Individual experience influences innovative productivity through a number of mechanisms. For example, when individuals work in a technological domain repetitively and use the same knowledge elements, they reduce the likelihood of errors and false starts, and thus they make search more reliable (Levinthal and March 1981) . Increased domain experience of individuals also makes search more predictable as a result of familiarity with the domain. The innovation development task can be more effectively decomposed into solvable subproblems, and activities can be sequenced in an efficient order. Consequently, unnecessary steps are eliminated, and productivity improves (Eisenhardt and Tabrizi 1995) . Finally, repeated activity in a domain leads to a deeper understanding of concepts and boosts an individual's ability to develop connections across different domains (Katila and Ahuja 2002, Kogut and Zander 1992) . Taken together, these effects suggest that individual domain experience is a key input determining productivity in innovation.
To illustrate the effect of individual experience on productivity in innovation, I use U.S. Patent and Trademark Office (USPTO) data to plot in Figure 1 the patent productivity of Mark D. Adams, a scientist at a leading biotechnology firm, Human Genome Sciences. The x axis represents Adams's chronological patenting history until the year 2007, and the y axis plots a five-patent moving average of the unit labor requirement (ULR) per scientist (in years) to develop a patent. ULR is the net time invested by a team of scientists toward the development of an innovation-in this case, a patent; the greater the unit labor requirement, the lower the productivity in innovation. Superimposed on the plot is a dotted line that represents what one would expect a learning curve to look like in innovation. Innovation takes place in three Figure 1) , the time he spends to develop a new patent in the domain decreases substantially. A similar observation can be made for the period he spends working primarily in the domain of proteins and amino acids (domain II in Figure 1 ). That is, the data suggest that a learning curve exists for each technological domain where innovation occurs and that greater experience in each domain leads to greater productivity in innovation. Thus, Hypothesis 1 (H1). Innovative productivity increases with accumulated individual domain experience.
Team Experience. A competing argument is that innovative capability is collective in nature. Two distinct mechanisms make salient the link between experience in working together, coordination, and productivity. First, researchers who study group dynamics emphasize the importance of knowing "who knows what" (Reagans et al. 2005) . Individuals in a team having prior experience working together will have a better sense of who knows what and how to work effectively with their colleagues (Faraj and Sproull 2000 , Lewis 2003 , Moreland et al. 1996 . This is important as it facilitates the division of labor (Liang et al. 1995) and the allocation of roles and tasks to the most competent person.
Second, researchers studying transactions in a market context argue that group heuristics enable transaction partners to better govern their interactions. For these heuristics to develop, it is essential to resolve inherent conflicts in beliefs (Chesbrough and Teece 1996, Nickerson and Zenger 2004) . To this end, multiple exchanges resulting from working together increases the likelihood of the development of relationship-specific heuristics that "enhance how well people performing distinct roles interact with each other" (Reagans et al. 2005, p. 872) . As a result, repeated interactions between individual scientists working together in a team lead to coordination (Kogut and Zander 1992) , routine (Cyert and March 1963, Nelson and Winter 1982) , and productivity (Cohen and Bacdayan 1994) during the process of innovation. Thus, Hypothesis 2 (H2). Innovative productivity increases with accumulated team experience.
Firm Experience. The prior hypotheses suggest that as organizations repeatedly engage in the creation of innovations, individual organizational members accumulate experience by using different technologies and relational experience by working with other individuals present on their team. Given this observation, it is worth noting that three principle arguments have been put forward in favor of the role of firm experience: "[I]t provides each member of the organization with the opportunity to master established routines and practices, and it provides individuals the opportunity to learn how to work together, , [it also] provides individuals with the opportunity to benefit from knowledge accumulated by others" (Reagans et al. 2005, p. 871) . Mastery of established routines and practices resonates with the influence of individual experience. Similarly, learning to work with other organizational members is what team experience is about. The residual that is uniquely attributable to firm experience is intraorganizational spillovers-the opportunity to benefit from knowledge accumulated by other organizational members.
Consider that innovation in a firm takes place in a myriad of teams. Each time a firm develops an innovation, individuals in one of these teams acquire experience. Individuals in each of the other teams within the firm do not accumulate experience at this time. Consequently, as firms accumulate experience and improve their routines and practices, most organizational members remain unaffected. What is interesting is whether this complement of knowledge present within the firm and not present within a given innovating team has a contribution to make to the team's productivity. Spillovers may occur within a firm as individuals within a team draw on their professional network to obtain solutions to the problems they encountered. Spillovers may also occur as a result of the transfer of expertise following the mobility of individuals within the firm. Finally, spillovers may occur through formal channels as managers diffuse best practices within an organization (Szulanski 1996) . Taken together, these arguments suggest that, consistent with the learning curve hypotheses, firm experience will result in greater innovative productivity. Thus, Hypothesis 3 (H3). Innovative productivity increases with accumulated firm experience.
Leveraging the Experience of Others
The ability of a firm to exploit knowledge external to its boundaries, or its absorptive capacity, is a critical capability (Cohen and Levinthal 1990) . In their seminal paper, Cohen and Levinthal elaborate that this capability is a function of the level of prior related knowledge in the firm. Although leveraging knowledge external to a firm is certainly very important, it is just as important that a firm optimize the utilization of knowledge already present within its boundaries. The question then arises as to what enables individuals working in a team to optimize the utilization of the knowledge resources that they bring to a project and benefit from the assimilation of knowledge external to the innovating team but internal to the firm. Individual experience and team experience, I propose, are complementary, as the effect of the former on productivity increases with increases in the latter. If a collaborating team is composed of highly skilled individuals that are unable to effectively work together, then productivity will be low. Similarly, if a team of individuals is characterized by a high level of coordination and routine, because the team members have worked together a number of times in the past and are familiar with who does best what, they will be ineffective if they do not possess the requisite domain experience required for the creation of an innovation. In addition, prior experience working together facilitates the exchange of information and the sharing of domain knowledge, important factors that influence the efficient production of innovations. This suggests that the productivity of a collaborating set of individuals with significant experience working together increases when they also possess significant domain knowledge in the set of technologies used in innovation, and it decreases when they possess less knowledge. Thus, Hypothesis 4A (H4A). The extent to which individual experience increases productivity in innovation increases with team experience.
Individual experience and firm experience together determine the level of spillovers from within the firm to individuals in an innovating team. In the preceding section, the argument was developed that firm experience is important because spillovers of knowledge will occur from organizational members to the innovating team. For effective spillover to take place, however, the recipients need to have the ability to identify and understand available information and to assimilate new concepts and ideas. Prior knowledge that facilitates spillovers includes basic skills, such as knowledge of technological developments and a shared language. Related technological knowledge enables individuals to "recognize the value of new information, assimilate it, and apply it to commercial ends" (Cohen and Levinthal 1990, p. 128) . Furthermore, a shared language facilitates communication across individuals and the transmission of personal information (Berger and Luckmann 1966) . Thus, just as a firm's ability to assimilate external knowledge depends on its prior related knowledge, the capacity of a team of individuals to benefit from spillovers within the firm depends on their prior related individual experience. Thus, Hypothesis 4B (H4B). The extent to which individual experience increases innovative productivity increases with firm experience.
Finally, when individuals in a team have greater experience working together, they are better able to benefit from the knowledge of other organizational members. For example, they know who knows what (Reagans et al. 2005) and who is an expert in which domain, and they are better able to seek solutions to specific problems by tapping into the domain knowledge of the correct person. Furthermore, prior experience working together in a team results in more organized and efficient joint activities, and this gives rise to slack. Slack is related to the amount of spare time and spare resources in a collectivity performing a certain task (Cyert and March 1963) . Thus, slack increases the likelihood that scientists in a team devote time to imbibe relevant knowledge from other sources in the firm. Consider as an extreme case a team whose members have no experience working together and are completely preoccupied with task coordination and learning to work with each other. Such a team would allocate significantly less attention and resources to input from other organizational members compared with a team whose members have greater (team) experience working together and some slack in their activities. This leads to the final hypothesis.
Hypothesis 4C (H4C). The extent to which team experience increases innovative productivity increases with firm experience.
These hypotheses aim to investigate whether innovation activities in organizations are characterized by learning by doing and, if so, where innovative capability resides. An important part of innovative capability is the ability of individuals to effectively utilize the experience of others in their team as well as to utilize the experience of those external to their team but present in the organization. To study these ideas, I construct a model of knowledge present in organizations and then investigate these effects in the context of innovation in the biotechnology industry.
Learning by Doing in Technological Activities
The model of learning by doing developed incorporates experience present at three different levels of analysis: the individual, the collaborating team, and the organization. As innovative activity occurs in organizations, experience accumulates in each of the three levels.
Individual Experience. In biotechnology, firms use knowledge relating to several different families of technologies, referred to here as technological categories, to engage in drug development. A model of learning by doing in innovation needs to take into consideration each of these categories as bins in which experience accumulates by learning by doing.
Cowan et al. (2007) Organization Science 24(6), pp. 1683 -1700 , © 2013 categories, then the vector of individual experience may be expressed as
Individual scientists collaborate together in teams. The domain experience that a set of individuals working in a team brings to the innovation process may be computed as the vector I resulting from the pooling of individual experience vectors. For a team with m members, individual experience in the innovating team at time t may be expressed as
Team Experience. This is a measure of the extent to which team members have experience working with each other in the past. If relationship-specific knowledge RK ij is defined as the number of times a given pair of scientists (i j) have collaborated together in the past prior to a given time t, then summing this variable across all possible pairs of scientists and then dividing by the number of possible pairs provides a measure of team experience (Reagans et al. 2005) . Formally stated, if there are m team members, then team experience T t is computed as
Firm Experience. Following the prior learning curve research, firm experience F t at time t is computed as the cumulative number of innovations that a firm has created prior to time t.
Learning by Doing Individual, team, and firm experience accumulates by learning by doing. Consistent with learning by doing models from production, each time a new innovation is created, firm experience increases by one unit. Further, each time a pair of scientists work together on a project, their relationship-specific knowledge increases by a unit. Thus, firm experience and experience working together in a team accumulate over time by learning by doing.
The accumulation of individual experience merits some elaboration. Following prior research ), each time an activity is executed using a technological category, one unit of experience is acquired in the technological category. Consider the ith scientist contributing to the successful creation of the kth innovation at time t k . Let the experience vector of this scientist at the time of completion t k−1 of the prior (k − 1)th innovation be denoted by I t k−1 i . Then, the experience of the scientist in the jth technology at time t k following the successful creation of the kth innovation may be expressed as follows:
where I 0ij is the level of experience in the jth category at the start, and A kj = 1 if the jth technological category is used in the kth innovation and A kj = 0 if it is not.
Input Requirements. Each innovation requires input in a subset of the N technologies, represented here by a technology input vector A k consisting of N elements as follows:
The inputs required to create different innovations differ, and individuals and organizations also differ in the skills and experience that they possess. It is thus essential to map individual experience to a given innovation project in order to compute relevant experience for an activity. The relevant experience per technological category K t k that a team of individuals bring for development of the kth innovation at time t k is computed as a product of the vector of individual experience in teams (2) and the technology input vector (5) as follows:
The denominator is a measure of the number of technological categories used for the innovation. The experience variable K t k that results is a scalar. Individual heterogeneity: It is worth noting that individual experience acquired by learning by doing and represented by the experience vector (1) is domain specific and captures individual skill heterogeneity. The experience vector is domain specific as technological inputs required (5) differ across different innovation projects, permitting different levels of skills to be accumulated in different technologies. Further, individuals differ in the technological experience they possess as they work on different projects in innovation. Because these projects require different technological inputs, scientists differ in the expertise they accumulate by learning by doing.
The Learning Curve
To complete the model of learning in innovation, it is necessary to create a link between experience and productivity. In particular, I build upon work by Grilliches (1979) , who develops a production function in innovation in which productivity q is a function of the capital C, labor L, knowledge K, and all other measured and unmeasured factors of production Z. When the analysis concerns individual units of output such as innovations, the learning curve for the kth innovation may be formally specified as
The model of learning by doing developed, however, incorporates experience at three levels of analysis. knowledge term in Grilliches ' (1979) production function with terms for individual, team, and firm experience. The specification of the learning curve may then be rewritten as
where K t k , T t k , and F t k denote the individual experience, team experience, and firm experience, respectively, used to develop the kth innovation. Further, the coefficient f is specific to firm f , is a learning parameter that indicates the rate at which experience influences productive output, and t k is a residual. Taking logs and substituting q k = 1 for the kth innovation, the learning curve may be expressed as follows:
The left-hand side represents the log of the inverse of the unit labor requirement of innovation (ULR), where the ULR is the time required to develop the kth innovation. Because innovative productivity increases as the time taken to develop an innovation decreases, the inverse of the unit labor requirement is also a measure of innovative productivity. To analyze the relationship between experience and productivity, this research makes use of data from the U.S. and Canadian biotechnology industry.
The Biotechnology Industry Data Set
Biotechnology is defined as "the manipulation of living organisms or their components to produce useful usually commercial products such as pest resistant crops, new bacterial strains, and novel pharmaceuticals." 2 The biotechnology industry is an appropriate setting for the study of learning by doing because it is knowledge intensive, and drug discovery and research are key firm activities. A documented history of innovation in the industry is available in the form of patent data from the inception of the industry in the 1970s to the present day.
This research focuses on human therapeutic applications of biotechnology. As a start-up company, Genentech used genetic engineering techniques to synthesize the gene for human insulin; they produced insulin in 1978 by putting the gene in bacteria. This represents the first application of biotechnology and genetic engineering for human therapeutic purposes. Consequently, data used in econometric analysis start from 1978 and continue to 2007. However, a number of scientists working in biotechnology over this period worked in other firms prior to this window and accumulated experience by learning by doing in these firms. If this prior work experience is ignored, analysis will suffer from the left censoring of individual and team experience constructs.
To address this problem, I computed the individual and team experience variables taking into consideration data for another eight years back to 1970.
The starting point in developing the sample is Bioscan, an independent industry directory founded in 1988 and published six times a year. From Bioscan, I generated a list of 2,084 public and private biotechnology firms. This list was complemented with a list of 5,359 biotechnology firms in all sectors of biotechnology activity from the S&P Capital IQ database, which provides deep information on companies, markets, and people worldwide, with coverage of over 47,000 public and 822,000 private companies. Finally, I obtained data on innovations in biotechnology from the USPTO.
The USPTO patent database provides a paper trail of innovative activities of firms in different industries. Each patent in the USPTO database contains information on the organization to which the patent is assigned, the scientists that created the innovation, and the technological categories (or classes) in which the patent makes a contribution. Patent data were downloaded from the USPTO website up to December 31, 2007, as data that are publicly available from the National Bureau of Economic Research and the National University of Singapore provide only a subset of all the data, and some of the missing data are of significant importance for this research.
To develop a comprehensive data set, I first matched firm names across the Bioscan, Capital IQ, and USPTO databases (see Appendix A in the online supplement, available at http://dx.doi.org/10.1287/orsc.2013.0821). Firms whose headquarters were not located in the United States or Canada were eliminated from the merged list. One problem in the biotechnology data set is that a number of biotechnology firms have changed their names since their formation. The Capital IQ database permitted the correction of this anomaly because it provides prior and new firm names. Furthermore, pharmaceutical firms with secondary activities in the biotechnology area were eliminated from the sample, but dedicated biotechnology subsidiaries of these firms were retained.
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In addition to firm names, I matched scientist names within the USPTO data set. To this end, I modified the name-matching method developed by Trajtenberg et al. (2006) (see Appendix B in the online supplement) to match scientist names. The final biotechnology sample has 611 firms with 20,886 distinct scientists that have at least one patent; there is a total of 23,252 biotechnology patents. When non-biotechnology patenting by scientists working in biotechnology is also taken into consideration, the data set contains 141,710 patents. This additional information is necessary to model scientist experience over time. Organization Science 24(6), pp. 1683 -1700 , © 2013 studies in wartime Liberty shipbuilding use as the dependent variable the tonnage of ships produced per month , the inverse of the ULR in millions of hours (Thompson 2007) , and a given shipyard's output in a period of activity (Thornton and Thompson 2001) . Consistent with this prior research and with Equation (9), I used the inverse of unit labor requirement (1/ULR) as a measure of innovative productivity, where the ULR is measured in terms of the time (in scientist man-days) spent to successfully realize a patent. For a scientist i, the time spent on a patent (t i is defined as the number of days between two successive patent applications. If n scientists are listed on a patent, then innovative productivity is
The nature of the patent data raises a number of questions regarding the robustness of the dependent variable. First, scientists may work on more than a single patent project at a given point in time and thus may introduce noise in the variable and even bias learning results. Second, an innovation project in a firm may be characterized by clumping effects that potentially lead to a spurious learning curve result. For instance, if a firm has a large innovation project that results in a "clump" of several patents as output, then the first patent applied for may account for a disproportionately large amount of project time. That is, the first patent incurs a greater proportion of fixed costs in terms of ULR compared with the subsequent patents. This can produce a spurious learning curve effect. In analysis, I give both multitasking and clumping due consideration.
Citations per ULR. The dependent variable (inverse of ULR) is a productivity measure and does not take into consideration the quality of a patent developed. The quality of patents produced, however, is a significant concern for innovating firms because patents differ significantly from one another in this dimension. The citations received by a patent are a measure of its impact and quality (Trajtenberg 1990) . Given this, I used a second dependent variable, citations per ULR, to take into consideration both quality and productivity in innovation. It is defined as the number of citations received by a focal patent till 2007 divided by the unit labor requirement of innovation.
Independent Variables
Individual Experience. The individual experience variable is computed as the product of the experience vector and the activity vector representing the innovation input requirements (6), following the model of learning by doing developed earlier. The technological categories used in the experience vector were first determined using the technology classes present in the USPTO patent database. Because there exist over 157,000 different USPTO technology classes, this classification is too finegrained for the creation of experience vectors. As a result, USPTO technology classes were categorized into technological categories using the hierarchical property of the classification system (for a description of the categorization process, see Appendix C in the online supplement). In all, the innovations made by scientists in the data set spanned 3,748 technological categories; within these categories, scientists used 1,613 technologies in their activities in biotechnology. The experience vector is thus of size 1 × 1 613.
Finally, innovation histories were used to estimate scientist experience vectors. These are composed of a chronologically ordered list of patents that a focal individual participated in. Each time a scientist created a new patent using a technological category as identified above, he or she accumulated one unit of experience in that domain as a result of learning by doing (4). This procedure was repeated for each of the N technological categories present in the experience vector. The vector of individual experience in a team (2) is then multiplied by the activity vector (5), where the activity vector is constructed using the unique categories corresponding to the technology subclasses listed on the patent.
Team
Experience. An innovating team is defined as the set of scientists (inventors) that work together to develop a patent. This group of scientists is listed on each patent document. Given this, team experience is computed as the average number of times pairs of scientists in a team have worked together in the past. To measure this variable, relationship-specific knowledge RK ij must first be computed. Relationship-specific knowledge is defined as the number of times a given pair of scientists (i j) listed on a patent have worked together on a patent in the past, not including the present patent (Reagans et al. 2005, p. 873) . By summing this variable across all possible pairs of scientists and then dividing by the number of possible pairs, the measure of team experience was computed as per Equation (3).
Firm Experience. Corresponding to prior learning curve studies, experience is accumulated each time a given task is completed. Thus, each time a firm develops a new patent, it is considered to have accumulated one unit of experience. Firm experience is computed as the cumulative experience accumulated prior to the application date of a focal patent.
Control Variables
Firm Size. Capital is a key input in a manufacturing production function. Because a good proportion of biotechnology firms are not listed, firm capital used is unobservable. Given this, I used firm fixed effects to control for the influence of time-invariant unobservable Downloaded from informs.org by [147.156.224 .96] on 05 February 2014, at 10:46 . For personal use only, all rights reserved.
firm-level effects. In addition, I used a construct for the number of scientists in a firm as a proxy for the capital it employs and for firm size. The number of unique scientists listed on the patents of a given firm in the five years prior to the application date of a given patent is considered to be the number of scientists in an organization. Firm size varies over time.
Team Size. An innovating team is considered to be made up of the set of scientists listed on a patent. The sum of experience that the members of an innovating team bring for the creation of a new innovation is likely to be greater for teams with more members. Similarly, the unit labor requirement of innovation-the sum of the time spent in innovation by the individual team members-increases with the team size. Team size is used in analysis to control for these effects and is defined as the number of inventors listed on a focal patent.
Industry Patenting. The control variable industry patenting is a count of the cumulative number of patents that have occurred in human therapeutic applications of biotechnology (divided by 1,000) prior to the application date of a given patent. It represents two important effects. First, industry patenting is a measure of the extent of experience that has been accumulated over time in human therapeutic applications of biotechnology. Second, industry patenting also captures the extent to which opportunities in the biotechnology space have already been captured by firms, thus making it more difficult for firms to leverage new opportunities in the industry.
Technological Scope. Different patents may require a different amount of input effort, depending on the breadth of technologies that they use. I define the technological scope of a patent as a count of the number of technological categories used in innovation. Patents that make use of a greater number of technological categories are likely to be characterized by greater complexity and require greater time to develop. Thus, technological scope needs to be controlled for. For a patent k, technological scope may be computed as the product of the patent's activity vector with its transpose. That is, technological scope = A k A T k . Claims. Different patents make different contributions to the state-of-the-art knowledge, and patents that make a large number of such contributions potentially require greater input effort. The number of claims that are listed on a patent is a measure of the contributions that the patent makes to the state of art of knowledge and is used as an additional control.
Technological Progress. A control used in a number of learning curve studies, technological progress is controlled for as productivity may improve over time simply because of improvements in the technologies used in innovation. In learning curve studies, calendar time is usually used to control for technological progress, but it does not represent differences in progress across different technologies used in innovation. To take this into consideration, I first computed cumulative experience with a technology category as the number of patents in the USPTO database (starting from 1790) that make use of the technology prior to the application date of the focal patent. Cumulative technological experience represents the prior experience that exists in the use of a technology and is used as a proxy of the technological progress made. The construct technological progress for a patent is then measured as the average technology experience (divided by 1,000) across all the different technological categories used to develop a given patent.
Testing for a Learning Curve in Innovation
Descriptive statistics and correlations are provided in Table 1 . The baseline correlations indicate-consistent with the learning curve hypothesis (H1)-that individual, team, and firm experience all are negatively correlated with the unit labor requirement. The correlation between firm experience and ULR is low (−0 01), however, compared with individual experience (−0 10) and team experience (−0 12). In the analysis that follows, I investigate hypotheses developed in two steps. First, using econometric analysis, I demonstrate the presence of a learning curve in innovation and investigate the loci of innovative capability using innovative productivity (the inverse of ULR) and citations per ULR as dependent variables. Second, I explore factors that enable individuals collaborating in a team to leverage the experience of others to increase their own productivity in innovation.
The data set is an unbalanced panel consisting of unequally spaced observations over time. Following Reagans et al. (2005) , I take this into consideration by using a spatial covariance structure to model covariance in which correlations between observations decline with time (Baltagi and Wu 1999) . For instance, if two observations occur at t 1 and at t 2 , then the covariance may be expressed as cov x t 1 x t 2 = 2 t 1 −t 2 , where 2 is the overall covariance and < 1. In regressions, I control for serial correlation of operations close in time by including an AR(1) covariance structure.
The biotechnology data set comprises 23,252 observations (patents). Scientist unit labor requirement could not be computed for all patents-in particular, in cases where any scientist in the innovating team filed a patent for the first time. These patents were not used in econometric analysis (but were used to compute individual experience vectors), reducing the usable data set to 15,331 observations. Further, a closer look at the unit labor requirement of scientists in innovating teams in the remaining patents reveals that for a number of patents, the time to patent varies significantly across inventors. Notes. N = 15 331. Patents for which the ULR could not be computed were excluded from analysis.
I measured coefficient of variation ( of scientist ULR at the patent level as the ratio of the standard deviation ( to the mean ( ) of the time required by scientists in a team to realize the patent. Thus, = / and ranges from 0 to 3.89, indicating that time to patent per scientist in a given team may differ significantly and that the extent of this heterogeneity may vary substantially across different patents. This occurs because scientists may multitask across several different projects at a given moment of time. To reduce noise introduced by multitasking, I limited analysis to cases where the level of the coefficient of variation of scientist ULR is low ( ≤ 0 25). This reduced the effective sample further to 6,722 observations. As a result, whereas the population contains 20,886 distinct scientists, the effective sample after taking into consideration the final set of 6,722 patents comprises 6,107 scientists. On average, these scientists patented over a period of 8.2 years, and each took part in the elaboration of 12.8 patents. Each scientist worked an average of 3.6 times with 8.5 different scientists. Table 2 presents regression results using innovative productivity, the inverse of unit labor requirement, as the dependent variable. Model 1 introduces the control variables. Three control variables have robust effects on innovative productivity across the different models in Table 2 . As team size increases, innovative productivity decreases (p < 0 001) as expected, because each additional scientist in the innovating team directly contributes to an increase in the unit labor requirement. In the sample, the mean number of scientists in a team is 3.0 (see Table 1 ), but the team size ranges from solitary scientists that have an average ULR of 325 days per patent to a maximum team size of 24 with an average unit labor requirement of 4,748 days per patent. Second, as firm size increases, so too does innovative productivity (p < 0 001). Firms accumulate experience over time as they grow, resulting in the observed effect. Finally, productivity in biotechnology falls with an increase in cumulative industry patenting output (p < 0 001). As biotechnology matures as a field, new contributions to state-of-the-art knowledge require more of the scientists' time.
Innovative Productivity
The classical learning curve hypothesis is that accumulated firm experience in the domain of manufacturing and production leads to greater productivity. Hypothesis 3 tests whether accumulated firm experience results in greater productivity in the context of innovation. Model 2 introduces the construct for firm experience. The coefficient of firm experience is positive, as predicted by the learning curve hypothesis, but it has no significant influence on innovative productivity. Thus H3 is not supported, and this result is stable across the different models studied. 4 One explanation for this is that firm fixed effects and the firm size variable capture a significant part of firm heterogeneity and a part of the influence of firm learning. More importantly, the firm experience construct is likely plagued by two forms of aggregation bias. First, learning in innovation activities may occur primarily at the individual or team level, rather than at the firm level of analysis. Second, just as aggregating experience of different products leads to aggregation bias in studies in wartime shipbuilding (Thompson 2007) and to incomplete spillovers in the context of the production of the Lockheed L-1011 aircraft (Benkard 2000) , aggregating experience across different technological domains would lead to biased learning results. In this context, another point worth noting is that if firm experience leads to greater spillovers within an organization, whether it influences productivity may be contingent on whether individuals in the innovating team have the requisite domain knowledge to absorb external knowledge (H4B) and whether they effectively coordinate their activities and have some slack (H4C used in an innovation and leads to an increase in innovative productivity (p < 0 001), providing evidence in support of H1 that a learning curve exists in innovation and that individual experience leads to greater innovative productivity. In parallel, the coefficient for firm experience decreases substantially, indicating that it spuriously captured a part of the individual level effect in Model 2. The construct for team experience is introduced in Model 4 and is also found to result in greater innovative productivity (p < 0 001), providing support for the argument that team experience leads to greater productivity (H2). In regressions, individual-level fixed effects could not be controlled for because it was not possible to introduce a dummy variable for each scientist (there are 6,017 scientists in the sample used for econometric analysis). Notwithstanding this, to investigate for individual-level fixed effects, I constructed dummy variables for the 100 scientists that were the most prolific innovators, which accounts for at least one scientist in the innovating team of 68% of the patents in the data set. Model 5 introduces these dummy variables, and the results are consistent with prior models, although, as expected, the coefficients of the three knowledge variables reduce somewhat in magnitude.
Finally, Model 6 checks for the robustness of the results by introducing an alternative specification of the individual experience variable. Until now, it was assumed that each time a scientist innovates using a technology, he or she accumulates one unit of knowledge in the technology. However, the extent of learning per scientist may decrease as a greater division of labor occurs in larger teams. To test whether the results remain robust to this effect, I developed a new individual experience variable that assumes a constant amount of learning occurred each time a new innovation is created. Thus, each time a scientist innovates using a technology, he or she accumulates 1/m units of experience, where m is the number of scientists in the innovating team. This new experience variable is highly correlated with the original variable (correlation = 0 95), and the results remain unchanged (see Table 2 , Model 6).
All in all, the results suggest that a learning curve exists in innovation and that individual experience (H1) and team experience (H2) accumulate as a result of learning by doing, resulting in greater innovative productivity.
Citation-Weighted Innovative Productivity
Productivity in innovation is a key concern of organizations, but innovation activity is also focused on developing valuable and high-quality innovations. The ULR-based innovative productivity variable, however, does not account for the quality of the innovations Downloaded from informs.org by [147.156.224 .96] on 05 February 2014, at 10:46 . For personal use only, all rights reserved.
Organization Science 24(6), pp. 1683 -1700 , © 2013 produced. The citations received by a patent are a measure of its quality (Trajtenberg 1990 ), but they do not control for efficiency or productivity. Regressions in Table 3 repeat those in Table 2 using citations received per ULR as the dependent variable, thus accounting for both efficiency in the innovation process and quality of innovations produced. Both individual experience (H1) and team experience (H2) have robust effects in the new model specification in terms of significance (p < 0 001) and magnitude of coefficients. Firm experience remains insignificant in all regressions, and no support is found for H3. These results validate those of Table 2 .
Working Effectively in Teams in Organizations
In the preceding analysis, the results provided strong evidence that knowledge accumulates at the individual and team levels of analysis by learning by doing and that a learning curve exists in innovation. From this starting point, the focus of investigation shifts to determining whether knowledge in different loci in organizations is complementary and, in particular, whether individual and team experience enables the spillover of knowledge internally within a firm. Table 4 presents a brief analysis of these interactive influences using the inverse of ULR as the dependent variable.
In Model 13 of Table 4 , an interaction term for individual experience and team experience is introduced. Notes. Standard errors are in parentheses. All regressions include firm fixed effects, as well as technology class and year dummies. N = 6 722 for all regressions. a Logged. * p < 0 05; * * p < 0 01; * * * p < 0 001.
Consistent with H4A, the ability of individuals to leverage their skills in a team increases with the experience they have working together (p < 0 001). It is worth noting that in this model the coefficients of individual experience and team experience are almost identical to that in prior regressions (see Table 2 , Model 4) without the interaction term. Thus, productivity in innovation is optimized when the innovating team comprises individuals that have both domain knowledge and experience working together. Model 14 introduces an interaction term for individual experience and firm experience. This interaction term is positive and significant (p < 0 001), providing support for H4B. Thus, the ability of individuals in a team to assimilate firm experience is enhanced when they have domain knowledge in the technologies used in innovation.
Model 15 introduces an interaction term between team experience and firm experience. As this interaction term increases, so too does productivity in innovation (p < 0 001), providing support for H4C. Thus, when teams are characterized by a greater degree of coordination and routine, they are better able to assimilate knowledge of other organizational members and use it productively in the process of innovation. Notes. Standard errors are in parentheses. The dependent variable is (1/ULR). All regressions include firm fixed effects, as well as technology class and year dummies. N = 6 722 for all regressions. The three interactions terms have been multiplied by 1E-5 to have coefficients in the acceptable range. a Logged. * p < 0 05; * * p < 0 01; * * * p < 0 001.
Finally, Model 16 introduces all three interaction terms in one model specification to explore their joint effect on productivity. The interactions of firm experience with individual experience (p < 0 01) and with team experience (p < 0 001) retain a positive effect on productivity. However, the interaction between individual experience and team experience is negative (p < 0 01). In additional analysis, we used an ordinary least squares specification and computed the variance inflation factors (VIFs). This analysis reveals high VIF greater than 20, far more that the customary cutoff of 10, for each of the interaction terms. This high degree of multicollinearity would explain the reversal of the sign of the interaction term.
Robustness and Alternative Explanations
Forgetting. Forgetting implies that recent experience has primacy over older experience, as the latter is susceptible to being forgotten , Benkard 2000 , Darr et al. 1995 , Thompson 2007 . Given this, I checked whether the results presented Tables 2   and 4 are robust when taking into consideration forgetting in innovation (Jain 2012) . To this end, I recomputed individual experience over 50 different periods of accumulation Y ranging from Y = 0 (no accumulation, complete forgetting) to Y = 25 (no forgetting) in increments of 0.5 years. Thus, all experience accumulated prior to the year Y is assumed to have been "forgotten." I determined the year Y , which results in best model fit, and all experience accumulated prior to year Y is assumed to be forgotten. The methodology and results of this analysis are presented in the online supplement, and they indicate that the prior results obtained are robust to the consideration of forgetting.
Clumping. One possible critique of the analysis is that clumping spuriously produces the observed learning curve effect. Consider that a large innovation project results in the creation of a "clump" of several patents. Patents in such a clump are likely to be closely spaced temporally, to have common scientists in teams, and to use the same technologies. Clumping leads to bias, as patents that are part of the large innovation project and Downloaded from informs.org by [147.156.224 .96] on 05 February 2014, at 10:46 . For personal use only, all rights reserved.
Organization Science 24(6), pp. 1683 -1700 , © 2013 are applied for earlier on (when experience is lower) are liable to account for a larger portion of fixed costs (in terms of ULR) compared with patents applied for later on. In the extreme, it may be argued that patents applied for later in a clump do not require additional development time but require only additional time to file the patent. Additional analysis presented in the online supplement indicates that the results are robust when clumping effects are taken into consideration.
Endogeneity. Another alternative explanation arises from concerns of endogeneity. It is possible that prior performance and productivity using a technology motivates a team of scientists to repeatedly innovate using it and thus accumulate expertise. Given this, expertise in a technological domain would not lead to productivity; rather, productivity would lead to greater skills. Similarly, another line of argument is that the assignment of scientists in teams is not random, as scientists that have performed better together in the past are those that are grouped together in a future team. As a result, greater productivity does not stem from the accumulation of experience working together; rather, scientists gain more experience working together because they are more productive when working together.
An instrumental variables approach is the best to investigate the effect of endogeneity in the current setting. However, no suitable instruments were available that were correlated with the endogenous experience variables and were at the same time unrelated to the productivity measures. As a result, I adopted the approach of Huckman et al. (2009) and investigated empirically the effect of prior performance by pairs of scientists on the likelihood of repeated collaboration. To this end, I identified all pairs of scientists that had collaborated together as a dyad and used the Cox proportional hazard model to determine whether prior dyadic productivity increases the likelihood that the scientists in the dyad collaborate again on the next project. If this is the case, then endogeneity is a concern. For all the prior patents that a pair of scientists worked on together, I computed two productivity variables: the average ULR per scientist and the average number of citations received (normalized by the average number of citations received by all patents granted in the same year) divided by the ULR. Table 5 presents the results. In Model 17, controls are introduced. As expected from a random assignment of scientists to teams, as team size increases, the likelihood that a given pair of scientists works together increases (p < 0 001), and as firm size increases, the likelihood of a pair of scientists working together decreases (p < 0 001). Prior productivity, measured in terms of average ULR (Model 18) and average citations per ULR (Model 19), has no significant effect on the likelihood of repeat collaboration. These results mitigate concerns of endogeneity. 
Discussion
This paper is the first to demonstrate that innovative capability, the knowledge a firm uses to innovate, accumulates by learning by doing and that innovation activities in firms are characterized by a learning curve. By demonstrating this effect, the research extends the domain of application of the learning curve from routine and repetitive activities in production and manufacturing to a new set of organizational activities, the creation of innovations. To this end, I developed a model of knowledge that took into account the heterogeneity of knowledge at the individual, team, and organizational levels of analysis. Based on this model, the empirical analysis presented in the paper took into account the 141,710 patents created from 1970 to 2007 by 20,886 scientists working in 611 firms in the U.S. and Canadian biotechnology industry. This study provides an estimate of the relative impact of knowledge at the individual, team, and firm levels for productivity in innovation. Similar to the Reagans et al. (2005) study of joint replacement in a large hospital, this paper accounts for learning in three different ways. First, similar to classical learning curve studies, cumulative firm experience is given due consideration. Second, domain-specific individual experience accumulates by learning by doing when scientists work in different technological domains. To realize this result, this research measured the accumulation of individual experience in 1,613 distinct technological categories in a very fine-grained way. A third way in which innovative capability accumulates in organizations is through the accumulation of relational experience between pairs of individuals. Experience acquired working with other scientists is particularly important in innovation, as scientists who are experts in a set of technologies are required to coordinate their activities with other scientists who might be experts in different domains.
Although the results of econometric analysis resound strongly with the view that individual knowledge is important (Arrow 1962 , Grant 1996 , Simon 1991 , they do not concur with Arrow's thesis that collective knowledge and the organization are unimportant. This is because team experience has a significant and nonnegligible influence on productivity. When individuals repetitively collaborate in teams, trust develops, and the sharing of private information becomes possible. Further, team members learn how to better engage in a division of labor as they acquire knowledge of who is best at doing what. Finally, routine and coordination sets in. Thus, individual knowledge is not the unique determinant of productivity in innovation; team experience is also an important influential factor.
Having explored the independent effect of knowledge at the individual, team, and firm levels of analysis, this study differs from the Reagans et al. (2005) study as it demonstrates that knowledge in the different loci are not independent in their effect on productivity. For instance, one surprising finding that is also in contradiction with prior learning curve research is that accumulated firm experience has no direct influence on innovative productivity. A better understanding of the basic mechanics through which firm experience influences productivity explains this inconsistency. Notably, firms with greater accumulated experience in innovation possess more effective routines, and the dissemination of these routines in the organization will lead to increases in the productivity of teams of collaborating individuals. This research provides empirical evidence for this theoretical mechanism by demonstrating the existence of two moderating factors that influence the spillover of knowledge within organizations. First, individuals in the innovating team need to have domain knowledge for them to effectively assimilate external knowledge and improve their productivity in innovation. Second, as individuals in a team accumulate experience working together, team activities become routine and coordination sets in. As a result, some slack creeps in, and team members are able to devote attention and resources to the appreciation of external inputs. Taken together, these two effects suggest that the influence of firm experience on productivity is contingent on innovative capability present in the individual and team loci.
Another important observation that one may make from the empirical results of this research is that the effectiveness of individuals collaborating in a team is greater when the team possesses both domain expertise and collaboration experience. If a set of individuals possess high levels of domain experience and have no experience working together, then they will spend significant amounts of time to learn how to better coordinate their activities and work together in a team. Experience working together also facilitates the exchange of information and sharing of domain experience, important factors that influence the efficient creation of innovation. Thus, for managers to effectively leverage the skills of individuals working in a team, the prior experience of these individuals working together has to be given consideration.
Finally, given that knowledge in the individual and the team directly influence productivity in innovation, a natural question that arises is, which of these is the primary locus of innovative capability? Figure 2 plots the respective influences of the individual experience and team experience on innovative productivity using the regression coefficients obtained from Model 4 of Table 2 . In this plot, the y axis represents increases in productivity relative to the case where the respective experience variable is equal to 0. The continuous line plots the influence of individual experience on productivity, and the intermittent line plots the influence of team experience. The x axis represents the level of experience in terms of standard deviations from the mean. Thus, 0 on the x axis corresponds to the mean value of each of the respective experience constructs. It may be observed that individual experience has a greater influence on innovative productivity than team experience for all values of the two experience constructs. At the mean, individual experience results in an increase in productivity of approximately 120%, and the corresponding value for team experience is an increase of approximately 25%. Further, the influence of individual experience relative to team experience increases at one standard deviation above the mean. This suggests that the individual is the primary locus of innovative capability and that team experience has a secondary influence.
Because this study finds that a learning curve exists in innovation in the biotechnology industry, the question arises as to whether the results are generalizable to innovation in other industries. One argument against the generalization of the findings is that the strong observed effects of individual experience and team experience on productivity, and the nonsignificant effect of firm experience, may be unique to the biotechnology setting.
What is particular about biotechnology is that innovation occurs when small teams of scientists get together to work on a project. In comparison, consider that product development projects in a number of industries do not occur in small teams; rather, they require the mobilization of a large group of individuals. For instance, the development of a new automobile model, of the IBM 360, or of a major new software product such as a program in the Microsoft Office suite occurs in the context of large groups of individuals working toward a common goal. The normal practice in such projects is to partition the development activities of the overall project into a number of smaller and relatively loosely coupled modules. In such nearly decomposable systems, different teams work toward the completion of relatively independent modules. As a result, at the base level, innovation still involves work in small teams, suggesting that individual and team experience are important. Nevertheless, just as it took a large body of empirical effort in a number of different contexts to make the learning curve result broadly acceptable in production and in manufacturing, additional research is required to validate the findings of this paper for innovation.
Limitations
Like any study, this study has some limitations that need to be given due consideration when interpreting the results. One such limitation is that the data are left censored. Empirical analysis starts from 1978, the point of origin of the biotechnology industry for human therapeutic purposes. Scientists in the sample, however, may have acquired experience in other firms prior to 1978, and thus left censoring may bias results. Two factors alleviate this concern. First, I account for left censoring by taking into consideration eight additional years of patenting activity from 1970 for the computation of the experience variables. These data are not used in statistical analysis. Second, the distribution of patenting is highly skewed over time, as there has been an explosive growth in research in biotechnology in recent years. Only 75 (0.2%) of the observations in the data set lie in the first three years from 1978 to 1980. Together, these two factors significantly reduce the likelihood of leftcensoring effects. Second, the multitasking of scientists on different projects is an unobservable effect that may potentially bias results. Scientist multitasking results in a deviation between the actual time that a scientist dedicates to the development of a patent and the observable unit labor requirement. However, multitasking also has one observable effect: as scientist unit labor requirement deviates from real values, multitasking will lead to a degree of variation in the ULR of scientists participating in a patent project. The coefficient of variation of scientist ULR thus provides an estimation of the extent of multitasking, and across patents in the data set, it ranged from 0 to 3.8. Capitalizing on this observation, in analysis I accounted for multitasking by eliminating from the sample those patents that had a high coefficient of variation in ULR (greater than 0.25). Sensitivity analysis showed that the results in this paper are robust across the samples chosen, taking into consideration different values of the coefficient of variation in ULR.
Although a consideration of the coefficient of variation of scientist ULRs mitigates concerns associated with multitasking of scientists, it does not completely eliminate it. For instance, scientists contributing to the development of a patent may join the project at different times, resulting in differing ULRs. Further, scientists may join the project at the same time but may still multitask. These two effects are not captured by the coefficient of variation. To check the robustness of results using an alternative method, I used Cox proportional hazard models (where an event is the creation of a patent by a firm). In these event history regressions, multitasking is not a concern as a patenting event does not depend on the joining and departure dates of individual scientists to projects. The event history analysis validated the results. Nevertheless, multitasking is likely to introduce some noise into the dependent variable of this study, innovative productivity, and it remains a limitation of this study.
A third limitation in analysis is that the set of scientists listed on a patent need not necessarily represent all of the inputs for the creation of a patent. Additional support staff such as research assistants, technicians, and administrative assistants remain unobservable because they are not listed on patents. These unobservable staff may bias results as more-skilled "star" scientists may also benefit from more support staff, and a greater observed productivity of scientists may thus result from unobservable support staff rather from scientist skill. This can introduce systematic bias that is impossible to control for with the data.
Conclusions
When compared with the production of material goods, the production of innovations is characterized by a significant degree of uncertainty. After all, innovation uses ideas as inputs and creates new knowledge as output. The inputs used and the outputs produced in innovation, unlike material inputs used in production, are intangible and difficult to quantify. And unlike the production of material goods such as Liberty ships, the Lockheed L-1011 aircraft, or even pizza pies, the testing sites for a number of learning curve studies, inputs used in innovation, vary from one innovation to the next. All these factors indicate that the creation of innovation is not characterized by the same set of regularities that characterize the production of material goods.
Notwithstanding their differences, innovation and production do share some common properties. If the process Downloaded from informs.org by [147.156.224 .96] on 05 February 2014, at 10:46 . For personal use only, all rights reserved.
of innovation was purely stochastic, all firms would have an equal chance of success. This is clearly not the case. The source of heterogeneity in innovation performance is the knowledge firms use to innovate, a firm's innovative capability. The key regularity in innovation is that this innovative capability accumulates by learning by doing-just as experience accumulates in manufacturing and production-and that a learning curve exists in innovation.
The locus of innovative capability is the locus of its creation. Individuals acquire skills in different technological domains by learning by doing, thus improving their productivity. Similarly, teams of individuals accumulate skills working together, and this is a source of innovative productivity. The effects of knowledge in the individual and team loci, however, are not independent of each other, because the experience individuals have working together in a team results in an increase in their ability to leverage their domain knowledge. Last, but not least, the domain knowledge of individuals and their experience working with other individuals in a team leads to an increase in their ability to assimilate spillovers of knowledge from the firm.
Innovative capability, the knowledge a firm uses to innovate, resides in all three loci: the individual, the team, and the firm. The individual is the primary locus of innovative capability, and the experience of individuals of working together in a team has a secondary role in innovation activities. Firm experience manifests an indirect influence through the spillover of knowledge of individuals in the firm to members of the collaborating team. Thus, knowledge stocks in the different loci are complementary to one another, and the comingling of these disparate bins of knowledge is an important facet of innovative capability.
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